ABSTRACT: Reproduction efficiency is a major factor in the profitability of the beef cattle industry. Genomic selection (GS) is a promising tool that may improve the predictive accuracy and genetic gain of fertility traits. There is a wide range of traits used to measure fertility in dairy and beef cattle including continuous (days open), discrete (pregnancy status), and count (number of inseminations) responses. In this study, a joint analysis of age of puberty (AOP), age at first calving (AOC), and the heifer pregnancy status (HPS) was performed. Data used in this study consisted of records from 1,365 Composite Gene Combination (CGC; 50% Red Angus, 25% Charolais, 25% Tarentaise) first parity females born between 2002 and 2011. The pedigree file included 5,374 animals. A total of 3,902 animals were genotyped with different density SNP chips (3K to 50K SNP). Animals genotyped with low-density arrays were imputed to higher density (BovineSNP50 BeadChip) using FImpute. Data were analyzed using univariate and multivariate classical quantitative models (pedigree based) and univariate genomic approaches. For the latter, 3 different Bayesian methods (BayesA, BayesB, and BayesCπ) were implemented and compared. Estimates of heritabilities using univariate and multivariate analyses based on pedigree relationships ranged between 0.03 (for AOC) to 0.2 (AOP). Heritability of pregnancy status was 0.15 and 0.09 using the univariate and multivariate analyses, respectively. Genetic correlation between pregnancy status and the other 2 traits was low being 0.08 with age at puberty and -0.10 with age at first calving. Heritability estimates were slightly higher using genomic rather than average additive relationships. The accuracy of genomic prediction was similar across the 3 Bayesian methods with higher accuracies for age of puberty than the age at first calving likely due to the higher heritability of the former. The prediction of the binary pregnancy status measured using the area under the curve increased by 27% to 29% compared to a random classifier. Due to the small size of the data, all estimates have large posterior standard deviations and results should be interpreted with caution.
INTRODUCTION
Fertility is the most economically important trait in beef production. Selection for production traits has led to decay in fertility (Berry et al., 2014) . Pedigreebased genetic improvement programs for reproduction performance had limited success due to several reasons including lack of uniformity in fertility traits, phenotyping difficulties, and low heritabilities (Dekkers, 2010; Thornton, 2010; Biscarini et al., 2015) . Heritability estimates for fertility traits especially discrete responses are in the 10% range (VanRaden et al., 2004; Cammack et al., 2009 ). Availability of genomic information has provided an unprecedented opportunity to enhance the efficiency of selection, especially for lowly heritable traits.
Although genomic technologies have been successfully adopted in other species, their success in the beef sector is still relatively limited. Adoption of genomic selection (GS) in beef cattle is more challenging than other intensive livestock species due to the existence of multiple breeds and crosses, more diverse environments, the sparseness of phenotyping, the relatively limited use of AI, and the genotyping cost which hinders the availability of large samples (Berry et al., 2016) .
For traits like AOP, the amount of information available is often limited, leading to imprecise estimates. Some of these traits are censored with non-negligible impact on the results. In fact, estimates of genetic parameters for AOP are all over the place. For genomic studies or for estimation of genetic parameters, informative priors are often needed. Even if a single study estimates are imprecise, the average over a large number of studies will have much less variation. Given the high quality of the data used in this study, our estimates will provide an additional source of information to be used in future research. The objectives of this study are to estimate genetic parameters of 3 fertility traits and to compare the genomic prediction accuracy of different Bayesian GS procedures for 2 continuous and 1 binary fertility traits using data from a composite beef cattle breed.
MATERIAL AND METHODS

Phenotypes
Data for this study consisted of records from 1,365 first parity cows from a Composite Gene Combination breed (CGC; 50% Red Angus, 25% Charolais, 25% Tarentaise; Newman et al. 1993a Newman et al. , 1993b born between 2002 and 2011 at USDA-ARS, Fort Keogh Livestock and Range Research Laboratory, Miles City, MT. The pedigree file consisted of 5,374 animals including 128 sires and 1,723 dams. Fertility phenotypes consisted of age of puberty (AOP), age of first calving (AOC), and heifer pregnancy status (HPS). AOP was predicted as described by Roberts et al. (2009) and is subject to be left and right censored (animal reached puberty before testing date or animal did not reach puberty at testing date). Rate of censoring increases with the increase in the age at first evaluation. In our study, age at first evaluation for puberty ranged between 301 and 354 d. Right censoring will not be an issue in the multivariate analyses as nonobserved phenotypes will be imputed based on the observed other correlated traits. However, left censoring could be more problematic as it is hard to account for through the statistical model because it is seldom the case that the exact AOP is known. The first 2 traits (AOP and AOC) were treated as continuous responses, and HPS was treated as binary. Missing AOP records are largely due to right censoring. In fact, left and right censoring for AOP were 10% and 34%, respectively. A summary description of the data is presented in Table 1 . Further information concerning management and production records on the population are given in Roberts et al. (2016) 
Marker Genotypes
A total of 4,457 CGC animals born between 2001 and 2015 were genotyped with a mixture of different density SNP arrays (Table 2) . Across the different arrays, SNP with call rate smaller than 0.90, minor allele frequency (MAF) less than 0.05, and heterozygous deviation greater than 15% from Hardy-Weinberg Equilibrium (HWE) were removed. In addition, animals with a call rate less than 0.90 were also discarded. Number of animals and SNP remaining after quality control (QC) edits are presented in Table 2 .
Animals genotyped with low-density (LD) arrays were imputed to the 50K SNP array using FImpute software (Sargolzaei et al., 2011) where population and pedigree information were used simultaneously. FImpute was implemented using default parameters in all imputation analyses. Each group of animals that was genotyped with different density arrays was imputed separately. In all cases, animals genotyped with the 50K SNP array were used as reference. Furthermore, SNP markers present in LD arrays but not in the 50K SNP array were removed. After imputation, the same QC process indicated before was reapplied resulting in a dataset of 3,902 animals (1,387 males and 2,516 females) with genotype information on 41,694 SNP.
Variance Component and Data Analysis
Multivariate Analysis Using Pedigree Data. A threshold-linear model was performed to jointly analyze the 3 traits. In matrix notation, the model equation is
where y = (y 1,l )´ is the vector of continuous responses (AOC and AOP) and liabilities (l) for the binary trait (HPS), β is the vector of systematic effects, u is the vector of breeding values, and e is the vector of error terms. X and Z are two known incidence matrices with the appropriate dimensions. Systematic effects consisted of 55 contemporary groups (pen or feeding lot) feed treatment (2 classes), year-month of birth (30 classes), and the covariates of age of the dam. To avoid extreme case classes for the binary trait, the year-month of birth contemporary group was replaced by the effects of year (10 classes) and month (3 classes) of birth. Due to model identification requirements, the residual variance of the binary response set fixed to one. 
For the position parameters, the following priors were adopted:
where A is an expected additive relationship matrix, and ⊗ is the Kroneker product. R 0 and G 0 are 3 × 3 residual and genetic covariance matrices, respectively.
Due to the size of the data used in this study, an informative conjugate prior was assumed for where the scaling parameters were obtained from single-trait analyses for the variances and literature values for covariances:
where IW(v,Σ) is a scaled inverted Wishart distribution with v = 5 degree of belief and scaling matrix 
Because of the restrictions on the residual (co)variance matrix, the direct sampling of R 0 is not feasible. To overcome this problem, the methods developed by Rekaya et al. (2013) were used. It is based on the ability of the Bayesian approach implemented via MCMC methods to be performed on unidentifiable models. Furthermore, the parameters of the identifiable model could be obtained through the appropriate postsampling transformation. In this study, the unidentifiable model with a nonrestricted residual (co)variance matrix was implemented first followed by a transformation using a diagonal matrix with elements equal to 1 for the continuous traits and the square root of the unrestricted variance for the binary response. Further information about the method is given in Albert and Chib (1993) , Sorensen et al. (1995) , and Rekaya et al. (2013) .
To complete the Bayesian formulation, a prior for the nonrestricted residual covariance matrix was specified and consisted of U [0,10 5 ] for the diagonal elements and U for (i ≠ j = 1,2,3) for the off-diagonal elements resulting in residual correlations ranging between −1 and 1, a priori. The resulting full conditional distributions needed for the implementation of Gibbs sampling for the systematic and random effects, liabilities, and genetic and residual (co) variance matrices were in closed form being normal, truncated normal, and scaled inverted Wishart, respectively. A unique chain of 200,000 samples was implemented where the first 100,000 samples were discarded as burn-in period based on visual inspection of the behavior of the chain. After each iteration, appropriate transformations were applied to generate samples from the identifiable model. The computer software developed by Rekaya et al. (2013) was used for analysis. Univariate Analyses. Univariate analyses were implemented using either the average (A) or the genomic (G) additive relationships. A standard univariate linear model and a threshold model were used for the 2 continuous traits and the binary response, respectively. The same sets of systematic effects included in the multivariate analysis were used. For the position parameters, the following prior distributions were assumed:
s is the genetic variance for trait i(i = 1,2,3). For all genetic and residual variances, except the residual variance of HPS that was fixed to 1, flat uniform priors U[0, 10 5 ] were assumed. As with the multivariate scenario, a unique chain of 200,000 samples was implemented where the first 100,000 samples were discarded as burn-in period.
Genome-wide Prediction Models: Bayesian Estimation Methods
Several methods have been proposed for genomewide predictions (Meuwissen et al., 2001; VanRaden, 2008; Habier et al., 2011; de los Campos et al., 2013) ; although they have different assumptions about the data-generating process and the complexity of implementation, they tend in general to give similar results. However, in small data sets, differences could be significant. In this study, 3 methods (BayesA, BayesB, and BayesCπ) were implemented and compared. For all 3 methods, the following association model was assumed for each trait separately:
where y i is the observed phenotype for the continuous traits or the liability for the binary response for cow i, β is the vector of systematic effect indicated in model [1], xi is an incidence vector relating the observation to the systematic effects, a j is the effect of SNP j = (1,2,3,…, p), z ij is the genotype of cow i for SNP j (z ij = 0,1, or 2), γ j is an indicator variable taking the value of 1 for BayesA method and 1 (if the SNP is included in the model) or 0 (if the SNP is excluded) for BayesB and BayesCπ methods, and ei is the residual term.
The main difference between the 3 methods consists of the prior information assumed for the SNP effects that specified the number of markers to be included in the association model as well as their associated variance (Meuwissen et al., 2001; Habier et al., 2011) .
A fivefold cross-validation was performed where 80% and 20% of the data were randomly assigned to the training and validation sets, respectively. Although assignment of validation animals could have been performed based on their relationships with animals in the training set, accuracy will depend on the pedigree structure. All analyses were implemented in R using the BGLR package (Pérez and de Los Campos, 2014) . Point estimates of the SNP effects were used to compute the genomic prediction of animals in the validation set as
where a j  is the estimated effect of SNP j For the continuous traits, accuracy was calculated based on the correlation between the estimated genomic breeding values and the observed phenotypes adjusted for the systematic effects. For the binary response (HPS), the correct classification of observation within their true observed classes was used to access the model adequacy. The area under the curve (AUC) calculated using the true-and false-positive rates at different probability cutoff points was used. AUC has a value between 0 and 1. A value of 0.5 indicates the binary status is predicted at random. Obviously, AUC will have a different magnitude and interpretation than the correlation coefficient.
RESULTS AND DISCUSSIONS
Variance Components Estimation
Estimates of variance components and heritabilities of the 3 fertility traits using univariate and multivariate analyses based on pedigree relationship are presented in Table 3 . Heritability estimates ranged from 0.03 for age at first calving to 0.191 for age at puberty. Heritability estimate for AOC (0.03) is in the lower end of reported estimates for this parameter. Although our estimate is similar to the result reported by Bourdon and Brinks (1982) , it is much smaller than the 0.24 and 0.28 estimates reported by Frazier et al. (1999) and Minick Bormann and Wilson (2010) , respectively. These differences could be in part due to whether the trait was recorded in days or months if rounding up was used. If the trait is rounded up when measured in months that could reduce the residual variance leading to an increase in heritability. Additionally, due to the small sample size our estimates have a large posterior standard deviation as indicated in Table 3 . Reported estimates of heritability of AOP had an ample range (0.10 to 0.68). Such high variability in reported estimates is very likely due in part to the degree of left and right censoring in the trait. Our estimate (0.191) was greater than those reported by Smith et al. (1989) , Morris et al. (1993) , and Morris and Hickey (2004) . However, it is much smaller than the 0.61 and 0.43 estimates reported by MacNeil et al. (1984) and Splan et al. (1998) , respectively. At the liability scale, heritability of pregnancy status was 0.146 ± 0.072. It is much higher than the close to zero estimates reported by Morris et al. (1987) and Mathiews et al. (1995) or the 0.07 estimate reported by MacNeil et al. (2006) . It is slightly higher than the estimates reported by Bormann et al. (2006) . However, higher estimates exceeding 0.20 were reported by Doyle et al. (2000) . Heritability estimates for AOC and AOP using multivariate approach were very similar to those obtained using the univariate analyses. However, the heritability of HPS was much smaller in the multivariate analysis (0.087 vs. 0.146). This could be due to culling females in the herd for purposes other than pregnancy status. In fact, all animals with nonpregnant status have a missing AOC phenotype.
Genetic and residual (co)variances between the 3 fertility traits are presented in Table 4 . The favorable genetic correlation of 0.332 ± 0.195 between AOC and AOP found in this study suggests that selecting for an earlier age at puberty of heifers would result in a younger AOC. This moderate relationship is expected because the earlier the heifer reaches reproductive maturity, the more likely that it will become pregnant early in the breeding season. However, an early puberty does not necessarily mean a younger AOC if repeated inseminations are required for pregnancy or pregnancy does not occur or is lost prior to calving. Inconsistent results were found in the literature for the genetic correlation between AOC and AOP. Although our estimates agreed with those found by Smith et al. (1989) , using data from several breeds of beef cattle, they are much larger than the near-zero estimates reported by Martínez-Velázquez et al. (2003) , using 12 Bos taurus breeds at the Meat Animal Research Center (USDA). In a predefined breeding season system, these correlations are influenced by birth date of the animal, start of the breeding season, length of breeding season, and gestation length. The genetic correlation between AOC and HPS was -0.102 ± 0.165 indicating, as expected, that more fertile heifers will have a shorter AOC interval. Berry et al. (2013) reported a similar pattern, but a greater favorable genetic relationship between the 2 traits (-0.41 ± 0.129) using Holstein-Friesian in Ireland. A similar favorable estimate was reported (-0.38 ± 0.17) in Australian Holstein cows (Haile-Mariam and Pryce, 2011) . Additionally, a metaanalysis across dairy populations conducted by Berry et al. (2014) reported high favorable relationships between AOC and pregnancy rate to first service (-0.27 ± 0.05) and AOC and pregnancy rate within an opportune time period (-0.41 ± 0.13). A small positive genetic correlation was found between HPS and AOP (0.077 ± 0.171). This point estimate is in the opposite direction of the majority of previously reported results. Other than the study by Martínez-Velázquez et al. (2003) that reported a near-zero estimate, several reports showed a favorable genetic correlation between AOP and pregnancy rate. A higher pregnancy rate in 2-yr-old New Zealand Angus cattle was reported to be associated with an earlier standardized age at first behavioral oestrus (-0.29 ± 0.30) as indicated by Morris et al. (2000) . Similar favorable correlations of -0.30 ± 0.26 and -0.28 were reported by Morris and Cullen (1994) and Gargantini et al. (2005) , respectively. Moreover, a high genetic correlation of heifer AOP and pregnancy rate of -0.71 ± 0.11 was reported in tropical beef cattle in Australia . Similar patterns were reported for the genetic relationship between AOP and lifetime pregnancy rate (a good proxy for heifer pregnancy rate given their genetic correlation of 0.97). In fact, correlations of -0.21 and -0.29 were reported in Canadian composite cattle (Mwansa et al., 2000) and in New Zealand beef cattle (Morris and Cullen, 1994) , respectively. The unfavorable genetic correlation between AOP and HPS found in this study could be due to the 36% missing records for AOP and the small size of the data set. Furthermore, left censoring (heifer reached puberty before testing date) that is intrinsically inherited in the way AOP is calculated penalizes heifers that reach puberty very early and could explain part of the unfavorable genetic correlation. In fact, in our study as well as in the majority of others reported in the literature, estimates of genetic parameters associated with the 3 fertility traits have large posterior standard deviations (due to small sample size). Table 5 presents the estimates of variance components and heritabilities of the 3 fertility traits using univariate analysis based on genomic relationships. Heritability estimates for AOP and AOC were 14% and 15% higher compared to pedigree relationships (Table 3) . These increases in heritabilities are largely due to an increase in the estimated genetic variances using genomic information. The heritability estimate for HPS using genomic relationships was 8% lower than the estimate obtained using pedigree information. However, these differences between estimates of heritability are not statistically significant due to the large associated posterior standard deviations. Table 6 presents the accuracy of genomic breeding values for the 2 continuous traits measured by the correlation between estimates of genomic values and the phenotypes adjusted for the systematic effects and the predictability for the binary trait. The latter was measured by the AUC. Note that AUC will be equal to 0.5 if a random classifier was used. Accuracies were low due to the small sample size, low heritabilities, and the limited size of the reference population used for the imputation of missing SNP genotypes. Across the different methods used, higher accuracies were observed for AOP than AOC due to a higher heritability. For HPS, the AUC increased by 26% to 29% across the different methods compared to a random classifier (Table 6) .
Accuracy of Genomic Predictions
Although the BayesCπ method had similar results compared to the other methods, the portion of SNP not included in the association model (π) was 0.74, 0.52, and 0.45 for AOC, AOP, and HPS, respectively. The differences between methods across the 2 continuous traits are partly indicative of the genetic architecture of the traits as it relates to the number of causative loci and the distribution of their effects. Accuracies of genomic prediction for AOC obtained from our study were substantially lower than those observed in the literature. Boddhireddy et al. (2014b) reported an accuracy of 0.64 for AOC (measured in months) using BayesC (π = 0.90). Their data consisted of 1,496 Nelore animals genotyped with the 50K SNP array. Zhang et al. (2014) using the GBLUP model reported accuracies of 0.23 and 0.35 for AOP in tropical composite (1,097 genotyped animals) and Brahman cattle (996 genotyped animals) in Australia, respectively. Their accuracies were calculated as the correlation between GEBV and phenotypes adjusted for systematic effects divided by square root of heritability. More recently, Farah et al. (2016) reported accuracies of 0.14 and 0.34 for the same 2 breeds using the GBLUP method. Using high-density SNP array and GBLUP, Kramer et al. (2014) found an accuracy of 0.12 for days to first heat in Brown Swiss dairy cattle. Figure 1 illustrates the AUC using different genomic evaluation models. HPS predictably ranged between Although comparison between studies is difficult due to the variations in the definition of reproductive related traits, the small size of the data used in several studies, and even the measure of accuracy itself, it is safe to say that prediction accuracies of fertility traits are generally in the lower end of the spectrum. This is largely due to the small heritability and limited size data sets. This does not imply the lack of usefulness of genomic information for the traits considered in this study. For AOP where phenotypic information is often limited or not available, a small improvement using genomic information is better than nothing as long as it is economically justifiable.
Conclusions
Fertility traits are of crucial importance to beef cattle production efficiency. Due to their low heritability and sometimes the logistics associated with their collection, genomic information could play an important role in the improvement of these traits. Two of the traits analyzed in this study (AOP and HPS) showed sufficient genetic variation to respond to selection that could be enhanced by genomic information. However, AOC had very low heritability, contrary to some literature reports. The latter is often measured in months, which substantially could have reduced the residual variance and artificially increased heritability within a breeding season. Results of this study, as well others referenced, should be interpreted with caution given the small size of the data sets used and the large uncertainty associated with the reported estimates. Multitrait genomic evaluation for fertility traits will likely enhance the accuracy of selection; however, it requires the joint analysis of continuous and discrete responses which often complicates the statistical analyses. Table 6 . Correlation between estimated breeding values and adjusted phenotypes for AOC and AOP and the area under the curve (AUC) for HPS and their standard errors (between parentheses) using different statistical models and a fivefold cross validation. 
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